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ABSTRACT

Continuingprogressn theautomatidranscription
of broadcasspeeclhvia speechrecognitionhasraised
the possibility of applyinginformationretrieval tech-
niguesto the resulting (errorful) text. In this paper
we describea generalmethodologybasedon Hid-
denMarkov Modelsandclassicallanguagemodeling
techniquesfor automaticallyinferring story bound-
aries(segmentation) andfor retrieving storiesrelating
to a specifictopic (tracking). We will presentin de-
tail the featuresandperformancef the Segmentation
and Tracking systemssubmittedby DragonSystems
for the 1998Topic DetectionandTrackingevaluation.

1. INTRODUCTION

Overthelastfew yearsDragon like a numberof other
researchsites, has beendeveloping a speechrecog-
nition systemcapableof automaticallytranscribing
broadcastspeech. With the recentadvancesin this
technologya new sources becomingavailablefor in-
formationmining, in theform of a continuousstream
of errorful, unsgmentedext. Applying standardn-
formationprocessingechniquego this data,suchas
topictracking,requireghatthistext first besegmented
into topically homogeneoublocks. Unlike newvswire,
typical automaticallytranscribedaudio datacontains
no information(otherthanpausesn the audio)about
how thestreamshouldbe dividedup.

In [1], we introduceda new approacho text seg-
mentationand topic tracking, one basedon Hidden
Markov Models(HMMs) andclassicalanguagemod-
eling. In thatpaperwe appliedthe methodto sggment
text from the Topic Detectionand Tracking (TDT)
Pilot Study corpus, made up of Reutersnewswire
and manuallytranscribedCNN news stories. In [2],
we discussedsggmentationresultson a subsetof the
TDT2 corpus aswell astrackingresultson bothman-
ually andautomaticallysegmentedext. Herewe dis-
cussrecentimprovementsto both the sggmenterand
the tracker, and presentresultsfrom the 1998 TDT2
evaluation.

The experimentsdescribechereon sggmentation
andtopic trackingwere carriedout onthe TDT2 cor
pusandevaluatedfollowing the proceduresetoutin

the TDT EvaluationPlan. Both areavailablethrough
the Linguistic DataConsortium(LDC) at the Univer-
sity of Pennsylania.

This paperis organizedasfollows. Detailsof the
TDT2 corpusaregivenin Section2. The sggmenteris
describedn Section3, andthetrackerin Sectiord. In
Section5 we describea large numberof experiments,
mary doneas part of the 1998 TDT evaluationand
mary othersascontrasts.

2. THETDT2 CORPUS

The DARPA Topic DetectionandTrackingprogramis
concernedvith the developmentof information pro-
cessingtechnologythat can appliedto large streams
of data,suchasnewswireandbroadcashews. To fa-
cilitate researcton the TDT tasks,the TDT2 corpus
hasbeencreated.This corpusconsistf about60,000
news storiesfrom newswire, television,andradio,col-
lectedby the Linguistic DataConsortium(LDC) over
the period January1998 throughJune1998. A fea-
ture of this corpus key to thetrackingresearchis that
eachstory hasbeenlabeledwith a binary decisionas
to its relevanceto eachof 100topics. Trackingjudg-
mentscan thereforebe directly comparedto human
judgments.

The newswire componenf the corpuswas col-
lectedfrom the AssociatedPressNorldstream(APW)
andthe New York Times News Service(NYT). The
broadcasportion includesentire shons from the Ca-
ble News Network (CNN), American Broadcasting
Compaly (ABC), Public Radio International(PRI),
andVoiceof America(VOA). Thebroadcastéapprox-
imately 800 hours) were transcribedboth automati-
cally andin closed-captiontheautomatiosersiongen-
eratedusing a modificationof Dragons 1997 Hub-4
recognizef3].

3. THE SEGMENTER

3.1. Overview

Our approachto the problemof segmentationis to
treata story asaninstanceof someunderlyingtopic,
andto modelanunbrolentext streamasanunlabeled



sequencef thesetopics. In this model,finding story
boundariess equivalentto finding topic transitions.
Justasin speechrecognition,this situationis subject
to analysisusing classicHMM techniquesjn which
the hiddenstatesare topics and the obsenationsare
wordsor sentences.

Specifically we build a network whereeachnode
correspondgo a unigramlanguagemodel and sen-
tence/utterancef text, andfind the bestpaththrough
this network. The scoreof eachnodeis the scoreof
its sentencén its languagemodel. Thereis a penalty
for topic-topictransitionsdbetweemodes A searcHor
the besthypothesisand correspondingsegmentation
can be doneusing standardHMM techniques. This
segmentationdoesprovide a label for eachsggment,
namelythe topic to which that sggmentwasassigned
in the best path, but the label may not have much
meaningto a human.

3.2. Constructing the Topic Language M odels

The topic languagemodelsused by the segmenter
were built from the newswire and the automatically
transcribedoroadcastérom the January—AprilTDT2
data. This totaled about 15 million words spread
acrossabout 48,000 stories of averagelength 310
words, thoughthe averagelength varied from a low
of 129 for CNN, to a high of 850 for the New York
Times. A globalunigrammodelconsistingof 60,000
wordswashbuilt from this data.

Topic clusterswere constructedoy automatically
clusteringthe storiesin thetrainingdata.This cluster
ing was done using a multi-passk-meansalgorithm
describedin [1]. In orderto preventvery common
wordsand punctuationsymbolsfrom dominatingthe
computationwe introduceda stoplist containingl12
entries.Thesewordsdid not participatein thecompu-
tationof thedistanceneasureRemaing thesewords
from thevocalulary meanthatapproximatelyhalf the
wordsin thetext streamwerenotscored.

A topiclanguagemodelwashbuilt from eachclus-
ter. We choseto model eachtopic using unigram
statisticsonly. Theseunigrammodelsweresmoothed
versionsof the raw unigrammodelsgeneratedrom
the clusters.Smoothingeachmodelconsistef per
forming absolutediscountingfollowed by bacloff [4]
to the global unigrammodel;in otherwords,a small
fixed count (about.5) was subtractedrom the non-
zeroraw frequenciesandtheliberatedcountswerere-
distributedto therestof thewordsin themodelin pro-
portion to the global unigramdistribution built from
thetrainingdata.Theraw clusterunigramswerequite
sparsetypically containingoccurrencesf only 6,000
distinctwordsfrom thetraininglist of 60,000words.
Wordsonthe stoplist wereremovedfrom the models.

We will frequentlyrefer to thesetopic language
modelsas background topics or background models.
Notethatthesemodelscouldhave beenbuilt from ary
newssources— theideais for theclustergo represent

all of Englishnews discourse— andnotbesourcede-
pendent.

3.3. The Switch Penalty

If one assumeghat the topic transitionprobabilities
are independenbdf the topics, the transitionscan be
modeledwith a single number the switch penalty,
whichis imposedvhenererthetopicchangedbetween
segments.Thisis the only adjustablgparametein our
systemexceptthe searchbeamwidth, which was set
large enoughto eliminatesearcterrors.

The switch penaltycontrolsthe numberof bound-
ariesthatare outputby the system.It dependn the
broadcassourceandthegranularityof thebackground
models,andshouldberobustto slightperturbation®f
the models. The actualtuning was accomplishedy
training a systemwith & topicson all excepta small
held-outsetof data,tuningthe switch penaltyon this
held-outset,andusingthis switch penaltyfor models
with & topicsbuilt onall of theallowabletrainingdata.

The switch penaltyis the only parametedepend-
ing on the broadcasisource,and as suchthe back-
groundtopicmodelscanbeusedonary sourceaslong
astheaveragedocumentengthis known.

4. THE TRACKER

4.1. Overview

In the Trackingtask (a variationof the filtering task
in informationretrieval), a systemis suppliedwith a
few examplesof storieson a particulartopic of inter-
estandis expectedto automaticallyfind subsequent
exampledn thestream.Specifically a systems given
astrainingmaterialthefirst Ny examplesn theevalu-
ation corpusof storieson a particulartopic (the topic
training stories), plus all off-topic storiesin the eval-
uation corpusprior to the last training example (off-
topic training stories), plusall storiesprior to theeval-
uationcorpus(background data), andasledto return
judgmentson all remainingevaluationstories.

In this paperwe will describethe secondncarna-
tion of atrackingsystemwhichusesstandardanguage
modelingtechniquegin particular unigramstatistics)
to measuredocumentsimilarity. As in our earlier
work [1, 2], this systemis basedon a simple classi-
fier:

e Scoreanincomingstoryagainsttopicunigram
languagenodelbuilt from thetopictrainingsto-
ries

e Scorethestoryagainstdiscriminatodanguage
modelbuilt from thebackgroundiata

¢ Outputthe differencebetweerthesescoresasa
relevancevalue, or thresholdthis differenceto
generate decision



Oneof the key waysin which this systemis different
from its earlierincarnationds in the way we smooth
the extremely sparseopic unigrammodelsthat arise
from thetopic training stories.We have improvedthe
targetingprocedureandintroduceda variationon lin-
eardiscountinghathassignificantlyimprovedperfor
mance.

Thenatureof theTDT2 corpusmalesit likely that,
for ary givenevaluationtopic, thedatafrom whichwe
build our multiple discriminators(the TDT2 training
anddevelopmentsets,or January—Aprill998data)is
“contaminated’with on-topic material. For this rea-
sonwe are now carefulto filter suchmaterialin the
constructiorof the discriminatormodels.In addition,
oneof thesemodelsis now targetedspecificallyto the
trackedtopicto betterdiscriminateon-topicandclose-
to-topicstories.

4.2. Smoothing of the Topic Models

Our approachto the smoothingproblemhasfocused
ontheuseof targeting, in which we take alargenum-
ber of languagemodelsbuilt from the background
material,find the mixture that bestapproximateghe
sparsanodel,andusethis mixtureasa smoothingdis-
tribution.

Specifically given a sparsetopic unigrammodel
t(wy,) built from the topic training data,and a setof
background models b (w,, ), we find the bestmixture

Z ADp) (4 Z 2D =1

suchthattheKullback-Leiblerdistancebetweert(w;,)
and b(w,) is minimized. This leadsto an implicit
equatiorfor the A(¥):

A0 — tH(wn)AD b (w,,)
Z E &) b(J) (wy) ’

whichis easilysolvedby iteration.

In earlierversionsof our systemwe targetedthe
topic unigrammodelagainstunigrammodelsderived
from clustersof storiesfrom thebackgroundlata(typ-
ically aboutl00models).In thisinvestigationwe tar
getedagainstthe unigrammodelsassociatedvith the
individual backgroundstories(15-50,000models—
althoughfor reason$iaving to do with thediscrimina-
tor, someof the backgroundstorieswerefiltered out
first; seeSection4.3). Our motivationis that a mix-
ture basedon documentsan selectbackgrounddata
morelik e thetopic training data,andthereforegener
alize thatdatain a morerealisticway comparedo a
mixture basedn coarseclusters.

Oneproblemthat canresultwhentargetingto in-
dividual storiesis theassignmenof alargeproportion
of themixtureprobabilityto a smallnumberof stories,
yielding a mixture distribution which is itself sparse.
To measurghe sparsenessf the mixture (recall it is

a probability distribution built from alarge numberof
componentsand so may not actually containzeros),
we assignit atotal countB accordingo

B =exp (Z A9 log f\((:) )

wherec(® is thetotal countof backgroundstoryi. (To
understandhis formula,considethe casen whichall
backgroundstorieshave the sametotal countc. The
expressiorfor B thenreducego

B =cexp (— Z @ log )\(i)) ,

or ¢ timesthe perpleity of the mixture weightdistri-
bution. Roughlyspeakingthis perpleity is the num-
ber of stories over which the mixture is distributed,
so B representshe numberof counts over whichit is
distributed.) Givenatotal count B, the mixture distri-
butionis corvertedto countsandsmoothed.

In our 1997 systemwe smoothedhe mixture and
topic unigram models by absolutediscountingfol-
lowed by bacloff to a smoothingdistribution. How-
ever, we have obsened that in very sparsemodels,
absolutediscountingappeardo be insufficiently ag-
gressie at redistrituting probability. For thatreason
we switchedin the 1998 systemto linear discount-
ing (in which the amountdiscountedrom eachcount
is proportionalto the count),with the linear discount
parametedetermineddy requiringthat the smoothed
distribution have a specifiedinternal perpleity, large
enoughto guaranteehat the smoothednodelhasits
countsdistributedover a large numberof words. Us-
ing this method,the targetedmixture model associ-
ated with eachtopic was smoothedwith the global
backgroundlistribution, andthetopic modelwasthen
smoothedvith the smoothedargetedmixture model.

4.3. TheDiscriminator

The discriminatorfor Dragons previous systemcon-
sistedof alargenumberof unigrammodelsderivedby
automaticallyclusteringthe backgroundnaterial. For
ary giventeststory, the bestscoringmodelfrom this
setis the one chosento compareto the topic model.
The adwantageof sucha systemis that an off-topic
teststorywill tendto scorewell in atleastoneof the
clustersallowing it to beeasilydistinguishedrom the
trackedtopic.

What this systemdoesnot handleas well is the
caseof theoff-topic storythatsharedeatureswith the
tracked topic. Considey for example,the problemof
distinguishinga storyon atobaccdawsuit broughtby
anindividual, from atopic concerninghe nationalto-
baccosettlementUnlessthereis abackgroundtluster
concernedvith tobaccoawsuits,the story will likely
getagoodtrackingscore.

To addressghis problem,the new systemincludes
in the discriminatora model that is designedto be



“close” to the topic modelwithout actually contain-
ing topic training data. It is expectedthat this model
will bethebestscoringof thediscriminatormodelsfor
on-topicandclose-to-topicstories.

The obvious candidatefor a “close” model is
the targetedmixture model built to smooththe topic
model. However, in orderfor the mixture modelto
work properlyasa discriminator it is crucialthatthe
backgroundrom whichit is derivedbefreeof ary on-
topic material. Therefore beforedoing the targeting
describedn the previoussectionwe build arudimen-
tary tracker and“track” the backgroundstories. Any
storiesthatscoretoo well arepresumedo beontopic,
andarediscarded.(Onecould usethesehigh-scoring
storiesto supplementhe topic training material, but
this wasnot donein this investigation.) Targetingis
thendoneonly againsthe remainingstories.

Although we are carefulto remove on-topic ma-
terial from the backgroundeforetargetingthe mix-
ture model, we do not remove it prior to producing
thebackgrounalustersdrom which theotherunigram
modelsin the discriminatorare derived (this would
haverequiredaclusteringrunin everytrackingexperi-
ment,whichis too costly). This meanghatfor agiven
topic,oneor moreof theclusteramaybecontaminated
with on-topicdata. To correctfor this, the setof clus-
ter modelsis filtered to remove ary that the targeted
mixture modelfails to outscoreby a certainthreshold
onthetopictrainingmaterial.

4.4. Other Techniques

The tracker includesa mechanisnfor unsupervised
adaptationon incoming storiesthat are highly likely
to be on topic. If a story comesin thatscoreshigher
than a specifiedthreshold,this story is addedto the
setof topic trainingstories,andtheentirebuild proce-
dureis rerun.Thisincludeshepreliminarytrackingof
the backgroundo remove on-topicmaterial targeting
a new mixture modelto useasa smoothingdistribu-
tion andasa discriminator smoothinghetopic model
andthetargetedmixture model,andfiltering theback-
groundclustersto remove ary that may be contami-
natedwith on-topicmaterial. Trackingthencontinues
on the next availableteststory. Unsupervisegdapta-
tion hada smallpositive effect on performance.

5. THE 1998 TDT2 EVALUATION

5.1. Segmentation Results

The TDT2 Segmentationevaluation was conducted
on the automaticallytranscribed ASR) portion of the
TDT2 corpus, taken from the monthsof May and
June.Thiscollectioncomprised384shaws, 6,000sto-
ries,and2.2 million words. About 60% of the shows
are from CNN. The ASR output has certain breaks
marked; thesetypically correspondo silence,music,

or speechwith amusichackgroundandwereusedto
identify possiblestorytransitiontimes.

All resultsarereportedusingthe C's., metric for
measuringhe quality of a sgmentation. The metric
takestheform

CSEg = PSey * Pariss + (1 - PSeg) * Projse Alarm

where Piiss and PrgjseAlarm are computedwith a
window width of 50 words and Ps,, is the a priori
probability of a segmentboundarybeing within the
window length.For the ASR portionof theTDT2 cor-
pus, Ps.4 is 0.3, correspondingo an averagestory-
lengthof 50/0.3 & 165. S0Csey = 0.3 * Pajss +
0.7 * PraiseAlarm -

TheMain Evaluation

Shav Puiss Pry CSeg
ABC_WNT || 0.3454| 0.0888| 0.1658
CNN_HDL || 0.3094| 0.1022| 0.1644
PRLTWD 0.3056| 0.0670| 0.1386
VOA_ENG || 0.3333| 0.0772| 0.1540
VOA_TDY || 0.3210| 0.0695| 0.1449
VOA_WRP || 0.3448| 0.0635| 0.1479
[Overall || 0.3183] 0.0835] 0.1539]

Table 1: Official sgmentationperformanceon ASR
databrokenoutby source.

Thereis alittle variationacrosssource.Our algo-
rithm tendsto work beston materialwhich is mostly
content,with few seguesandfillers. Theredoesseem
to be a bias in the metric towards undegenerating
segments,which accountsfor the disparity between
missesandfalsealarms.Typically the optimumnum-
ber of generatedsegmentsthat minimizes Cs,, is
somavherebetweerb5%and80% of thetruenumber
of sggments.

Closed-Captioned and FDCH Transcripts

| SourceCondition || Csey | Cse, for ABC |

ASR 0.1579 0.1723
ClosedCaptioned || 0.1138 0.1356
FDCH Transcripts 0.1515

Table2: Overalland ABC seggmentatiorperformance
accordingo sourcecondition

Closed-captionext is availablefor all thesources,
sothesetranscriptsweretestedon asa contrast. For
ABC, the manualFDCH transcriptswere also avail-
able, which gave a comparisorbetweerhumantran-
scriptionsandautomatidranscriptions.

Thesystenperformedbetterontheclosed-caption
andFDCH transcriptghanon ASR text, whichis not
too surprisingconsideringhe opportunityfor the seg-
menterto bemisledby content-bearingecognitioner
rorsin the ASR. Thereappearslsoto be a difference



betweenthe closed-captiorand FDCH transcriptson
the one sourcefor which we have all three,with the
closed-captiomesultsbetterby aboutl 0%. This might
be explained by the tendeng of the closed-caption
transcriptiondo skip sggueandfiller material.

The Effect of the Miscellaneous M odels
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Figurel: Varyingthe miscellaneousodels.

The TDT ASR text containsadwertisementsand
sportsas well as news stories, and such non-nevs
itemsaremarkedas“miscellaneousby theLDC. Up
to 10% of the datafalls into this cateyory. Thesesto-
ries arenot scoredin the TDT2 evaluation,but their
presencecould affect segmentboundaryplacements
closeby. Hencewe decidedo build anumberof “mis-
cellaneous’models,andaddtheseto the collectionof
topic models. The miscellaneousext was automati-
cally clusterednto 10, 20 or 40 clustersandunigram
languagemodelswerebuilt from theseclusters.

In Figurel, theeffectof themiscellaneousodels
is shavn asthe switch penaltyis sweptout to view a
full graph. More modelsappearto offer animprove-
ment.

5.2. Tracking Results

1998 System vs. 1997 System

In our developmentsystem,eachtopic unigram
modelwastamgetedagainsapproximatelyl5,000back-
groundstoriesfrom the TDT2 January—Februamgata.
A stoplist of about100 commonwordswasapplied
beforetargeting. The targetedmixture model asso-
ciatedwith eachtopic was smoothedwith the global
backgrounddistribution to an internal perpleity of
1500(determinedy tuning),andthetopic modelwas
then smoothedwith the smoothedtargeted mixture
model,alsoto aninternalperpleity of 1500.Thedis-
criminatorconsistedf thetargetedmixturemodeland
100 automaticallyderived clustersof the background
data. The developmenttest material consistsof the
TDT2 March—-Aprildata.

Figure2 shavsacomparisorof our 1998and1997
system®onthedevelopmentestset,runningunderthe
default evaluationconditions:trackingwith four story
sampleqN; = 4) in newswire (NWT) andautomati-
cally recognizedroadcas(ASR). Thedetection-error
tradeof (DET) plotsaregeneratedby poolingthe out-
put of the tracker from the different topic runs and
sweepinga decisionthresholdthroughthe story rele-
vancescoresThefactthatthe1998plotis mostlywell
insidethe 1997 plot indicatesthatthe 1998 systemis
substantiallyimprovedovertheold system.

Unigram Tracker, 1998 vs. 1997 Performance, Dev Set
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Figure2: 1998vs. 1997 TrackingResults

TheMain Evaluation

The evaluationsystemis identicalto the develop-
mentsystemexceptthatthe backgroundvastakento
be the approximately48,000storiesthat comprisethe
TDT2 January—Aprildata. The discriminator once
againconsistedf thetamgetedmixturemodeland100
automaticallyderivedclustersof the backgroundiata.
The evaluationtestdatacoversthe May—Juneportion
of theTDT2 corpus.

Figure 3 shavs our performanceasa DET plot,
on the evaluationdataunderthe default testcondition
N; = 4, alongwith a contrastat Ny = 1. (This
is somavhat of an unfair comparisonasthe system
parametersvere tunedfor performanceat N; = 4.)
Given a decisionthresholdon the tracking scores,
the evaluation provides a single componentmetric,
C'rrack, for measuringsystemperformanceas a sin-
gle number(smallervaluesarebetter).For the default
condition,thevalueof C14cx Was0.0079.

An Interpolated System

Dragonsubmittedtwo trackingsystemdor evalu-
ation, the one describechereand anotherbasedon a
Beta-Binomialmodel[5]. A third canbe simply cre-
atedby interpolatingthe outputof thesetwo. Perfor
mancewasfairly insensitve to the tuning of the mix-
ture, which was setto 50-50 basedon resultson the
developmentata.

The interpolatedsystemoutperformsboth of its
componentsat all valuesof the decisionthreshold.



Comparison of Performance with 4 Training Stories vs. 1
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Figure3: Effectof Reducedrraining.

For the thresholdchosento minimize C 1rqcr, Which
yielded C e = 0.0079 for the unigram tracker
andC 7.0, = 0.0071 for the Beta-Binomialtracler,
theinterpolatedraclker achiezed the value C g =
0.0062. (All thresholdswere tunedon the develop-
mentdata.)

5.3. Tracking on Automatically Segmented Data

Onegoal of the 1998 evaluationwasto seewhat ef-

fectcertainkindsof errorsin theinput have on perfor-

mance.Figure4 presentdwo comparisonsfirst, our
official evaluationperformancen nenvswireandauto-
matically recognizedroadcastomparedo automat-
ically recognizedroadcasbnly, andsecondpur per

formanceon automaticallyrecognizedroadcastom-
paredto the samedatawith story boundariesdeter

mined automaticallyby Dragons HMM segmenter
(For all runs,unsupervise@daptatiorwasdisabledn

orderto highlight differencesdueto variationsin the
input.)

Newswire vs. Automatic Transcription, With and Without Boundary
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Figure 4: Newswire vs. Automatic Transcription
vs. Automatic Transcriptionwith Automatic Story
BoundaryDetermination

Figure4 shawvsthatthereis almostno degradation
in performancessociateavith the automaticallyrec-
ognizedmaterial, despitearecognitionword errorrate

ontheorderof 30%,whichis consistentith otherin-
vestigations.On the otherhand,thereis a noticeable
lossof performancevhenstory boundariesre deter
minedby machine particularlyatlow missrates.

Onecontributor to this lossof performancas the
fact that the minimization of Cs.4, asit is defined
for thesegmentatiortask,leadsto segmentationsvith
fewer thanthe correctnumberof boundariesin order
to investigatethe dependencef the trackingtaskon
the quality of the sgmentationa rangeof sgmenta-
tionswas producedandthenusedasinput to a sim-
plified versionof the evaluationtracker. Theratio of
(numberof hypothesizetbundaries}o (numberof cor-
rectboundariesyariedfrom 0.6to 2.0.

The besttracking performance as measuredy
C'rrack, @ppearso occuratasegmentatiorratioof 1.0
or higher (In fact, tracking performances quite ro-
bustto thequality of thesegmentationaslong asthere
aremorehypothesizedoundariegshanactualbound-
aries.) However, the bestsegmentationperformance,
asmeasureddy Cs,y, OCCuUrsat a ratio between0.6
and 0.8. Thus minimizing the sgmentationmetric
Cseq leadsto sggmentationsvhich are not good for
thefollow-ontaskof tracking.
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